Context When modeling a species' distribution, landscapes can alternatively be conceptualized following patch-or gradient-based approaches. However, choosing the most suitable conceptualization is difficult and methods for empirical validation are still lacking. Objectives To address the conditions under which a given conceptual model is more suitable, taking into account landscape context and species trait dependency effects. Patch-and gradient-based conceptualizations were built based on two structurally different landscapes: variegated and mosaic. We hypothesize that: (H1) gradient-based models better describe variegated landscapes while patch-based models perform better in mosaic landscapes; and (H2) gradient-based models will fit generalist species better while patch-based models will suit specialists better. Methods We modeled the distribution of eleven bird species in each landscape using each conceptualization. We determined the suitability of each conceptual model to fit statistical models by looking for crossspecies responses and deviations from best models. Results We found no clear support for our hypotheses. Although patch-based models performed better in mosaic landscapes (H1), they also provided useful Electronic supplementary material The online version of this article (https://doi.org/10.1007/s10980-017-0603-y) contains supplementary material, which is available to authorized users.
Introduction
Advances in landscape ecology have provided new, yet sometimes conflicting, models to describe and interpret human-modified landscapes and habitat fragmentation (Dunn and Majer 2007; Lindenmayer et al. 2007; Didham et al. 2012; Mimet et al. 2014) . Two main types of conceptual models can be broadly considered: discrete (patch-based) and continuum (gradient-based) approaches, each dealing differently with spatial continua (Fischer et al. 2004a) . Patchbased models implicitly categorize the landscape into suitable habitat patches embedded in an unsuitable or hostile matrix (e.g., island biogeography theory by MacArthur and Wilson 1967; Haila 2002; and patchcorridor-matrix by Forman 1995) . Gradient-based models describe landscapes as a gradual change of resources, ecological processes and environmental conditions in space (e.g., the continuum model by Fischer and Lindenmayer 2006) .
In spite of the valuable insights that patch-based models have provided (e.g., metapopulation studies; Hanski 1998), there is increasing criticism that their generalization is an overly simplistic way to understand ecological processes and the effect of management practices Lindenmayer 2006, 2007) . Landscape categorization is often subject to a human perspective, which may not be consistent with a species perception Lindenmayer 2006, 2009) . In particular, discrete conceptualizations of landscapes that are characterized by open woodlands of varying tree density (e.g. savannas, Woodward et al. 2004 ) are often dubious because patch boundaries are difficult to define, neglect within-patch heterogeneity (Price et al. 2010) and assume all organisms respond in the same way (Betts et al. 2014) . To overcome such limitations, Fischer and Lindenmayer (2006) proposed the continuum model, which considers spatial continua rather than discrete patches. Although conceptually appealing, the application of gradient-based models is still rare (see Ingham and Samways 1996 or Betts et al. 2014) , probably due to a lack of habitat quality data with sufficient detail to properly characterize continua at the landscape level (Fischer et al. 2004a ). Most recently, some studies have attempted to explore different approaches using continuum data (McGarigal et al. 2009; Frazier and Wang 2013; Mimet et al. 2014 ), although such applications are limited and model performance has not been thoroughly assessed in different types of real landscapes.
Choosing an inadequate landscape conceptualization to model species distributions may produce misleading results, increasing the risk of developing ineffective management strategies (Fischer et al. 2004a, b; Lindenmayer et al. 2008) . Researchers are increasingly studying under which conditions a given landscape conceptual model is more appropriate or constitutes a suitable alternative ). Fischer et al. (2004b) argued that the selection of an appropriate conceptual model depends on the species of interest and the landscape context. Recent research on considering a single landscape context by Price et al. (2009) and Bruton et al. (2015 Bruton et al. ( , 2016 pointed out the need to account for multispecies and life-history trait effects on the individualistic perception of landscapes given the lack of coherent responses of species. More recently, Brudvig et al. (2017) proposed a decision-making framework to guide conceptual model selection based on study objectives, landscape context and species traits. This framework provides a set of 'rules of thumb' meant to ease the process of environmental data acquisition according to an appropriate conceptualization of landscapes. For instance, environmental data collected on the scope of patch-based models would better apply to landscapes showing distinct patch boundaries (hard-edges) between few land-cover types; or to species exhibiting specific requirements, since suitable patches are more easily mapped as distinct from the inhospitable matrix. Conversely, the continuum model would better suit landscapes with low contrast (soft-edges) between patches (see also McIntyre and Barrett 1992) , or to generalist species using multiple habitats, since their plasticity would hamper clear species-habitat relations required by patch-based models (Brudvig et al. 2017) . However, empirical validation of the assumptions regarding the use and selection of appropriate conceptual models is still lacking, especially those using empirical data in real-world landscapes.
Our study uses the distribution of bird species to test the assumptions derived from the latest research on landscape conceptualization (Price et al. 2009; Bruton et al. 2015; Brudvig et al. 2017) . In order to avoid biases from single (Price et al. 2009; Bruton et al. 2015) or artificially built experimental landscapes (Brudvig et al. 2017) , we expanded our study to two structurally different real-world landscapes: a variegated savanna-like forest with a tree canopy cover gradient without abrupt changes, and a mosaic landscape with clearly defined forest patches. We set up four conceptual models to explain species occurrences: (1) a human-derived patch model considering supervised assistance for land use classification; (2) a contour-based patch model developed from the identification of community turnovers (thresholds marking strong changes in bird species composition) at each landscape; (3) a gradient-based continuum model considering gradients of change in environmental variables at the landscape scale; and (4) a gradientbased microhabitat model focusing on site-scale heterogeneity, which is often not achievable from a landscape-scale characterization. Our aim was to identify the conditions under which a given landscape conceptual model was the better alternative Stoddard 2010) , as a function of both landscape context and species trait dependency effects. We evaluated conceptual models within each real-world landscape in order to test the following hypotheses: (H1) landscape context dependency effects-gradient-based models better describe the structural complexity of variegated landscapes while patch-based models provide better outcomes in classic mosaic landscapes; and (H2) species trait dependency effects-gradient-based models will better fit generalist species while patch-based models will better suit species with marked habitat requirements (specialists). However, it was not the aim of this study to provide a direct comparison between landscapes, as both differ structurally in their elements and the bird communities that occur within them. Instead, our aim was to assess how species respond to different conceptualizations within the two contrasting landscapes considering similar assumptions.
Methods

Study area
The study was carried out in two different landscape types ( Fig. 1 The Mediterranean oak woodlands are a highly variegated savanna-like landscape (sensu McIntyre and Hobbs 1999). The heterogeneous pattern of land use is a result of centuries of traditional human activities (agriculture, cattle grazing and forestry) that have gradually modified the once pristine evergreen cork oak (Quercus suber) and holm oak (Q. rotundifolia) forests (Blondel et al. 2010; Pinto-Correia et al. 2011) . Sharp patch boundaries are difficult to identify because forest cover varies from densely wooded areas to agricultural plains with sparse tree cover or with islets of isolated trees (Pinto-Correia et al. 2011) .
The Atlantic pine plantations are standard production forests subjected to intensive forestry activities of maritime pine (Pinus pinaster) and non-native plantations (Eucalyptus sp.). Each patch is under a rotational scheme passing from clear-cut patches dominated by shrubs (normally 5 years) to newly planted forests subjected to regular thinning, and mature forests (reaching 50-80 years for pines and 9-10 years for eucalypts). This has resulted in a heterogeneous landscape mosaic of well-defined patches with stands varying in composition, density, and age.
Landscape Ecol (2018) 33:353-370 355 Landscape conceptual models Each landscape was described using four conceptual models (Fig. 1) . Two of them used as patch-based conceptualizations of the landscape: (1) a humanderived patch classification-PH, and (2) a contourbased patch-PC. Other two were gradient-based conceptualizations: (3) a landscape-scale gradientbased continuum-GC, and (4) a site-scale gradient of microhabitat complexity-GM. The human-derived patch model (PH) is considered a discrete mosaic landscape conceptual model (sensu Bennett et al. 2006) . Landscape characterization uses supervised assistance based on a land use classification. In Mediterranean oak woodlands, we used the CORINE Land Cover Level 5 classification (Guiomar et al. 2009 ) coupled with field work for validation. Atlantic pine plantation landscapes are very dynamic, so we produced our own land cover map using Bing Maps aerial photography (year: 2011; resolution: 30 cm), and the delimitation and classification of each patch was validated in the field using a GPS device (Garmin eTrex20). We then reclassified the original classes to reduce their number (see Supplementary Material A Table A1 and A2 for more detailed considerations on land use reclassification). Patch boundaries were sharp and well-defined, and the landscape was composed of a mosaic of multiple patch classes (minimum size: 100 m 2 ), which avoids an unrealistic binary classification of habitat versus non-habitat (McIntyre and Hobbs 1999; Fischer et al. 2004b ).
The contour-based patch model (PC) is a simplification of the habitat contours model (Fischer et al. 2004a) . We defined habitat contours using bird community turnover data, where thresholds marking Fig. 1 Location of the two study areas in Portugal (Mediterranean oak woodland at É vora study area and Atlantic pine plantations at Leiria study area) and representative detail of the three landscape-scale models for the same sample area strong changes in bird species composition were transposed to landscape maps as contours delineating putative homogeneous patches. Bird community turnovers were computed, taking into account the whole bird community detected in each area (20 species in pine plantations; 33 in oak woodlands, see Supplementary Material A Table A3 for complete listing). Species responses to the tree canopy gradient were modeled using Huisman-Olff-Fresco models (hereafter HOF models; Salgueiro et al. in review) . HOF models consist of a set of Gaussian response curves based on ecological niche theory, estimating the probability of occurrence and the turnover patterns for species and communities (Supplementary Material A Fig. A1 ; for details see Jansen and Oksanen 2013) . Contours are therefore community-based, instead of species-specific, as originally advocated by Fischer et al. (2004a) . Most importantly, this approach provides an unsupervised land-use classification as an alternative to human-derived conceptualizations that may not be consistent with species perception.
The gradient continuum model (GC) follows the assumptions provided by continuum theory (Austin 1985 (Austin , 1999 , in which landscapes are described by unrestricted and direct environmental gradients (Fischer and Lindenmayer 2006) . We used the tree cover density gradient (raster-based) as a proxy for distribution of habitat, foraging and nesting resources (Price et al. 2009 ). In both landscapes, the tree cover density gradient was built from 2010 aerial photography data (resolution: 1 m) by applying color image segmentation and the k-means algorithm for unsupervised classification (Subbiah and Seldev 2012) . For these procedures, we used Orfeo Toolbox 3.20 (Orfeo Toolbox Development Team 2013) , in QGIS version 2.2 (Quantum GIS Development Team 2013). This resulted in a reclassification where each individual pixel represented the presence of tree canopy, describing the structure of forest cover as a continuum of change (Fischer and Lindenmayer 2006) .
The microhabitat model (GM) produces a site-scale characterization describing local gradients of change in vegetation density and structure that captures highly detailed complexity at the patch scale in a way that is typically poorly represented in landscape conceptual models.
Explanatory variables
We extracted a set of variables for each conceptual model, aiming to describe landscape composition and configuration (Table 1) . For patch models (PH and PC), we extracted compositional parameters using the relative proportions of land uses from a vector map. Configuration patterns were determined by calculating the landscape Shannon's diversity index, number of patches and edge length. For the PC model, we calculated only total edge length. The PH conceptualization allows both hard and soft edges to be explored. We measured edge length between patches, where edges were defined as differences in vertical structure (for Atlantic pine plantations) or stem density (for Mediterranean oak woodlands). In the first case, hard edges were considered to exist between mature pine plantations and shrub/farmland/bare soil, while soft edges were found between mature plantations and young plantations or young plantations and shrub/farmland/bare soil. In Mediterranean oak woodlands, hard edges were considered to be the edge between grassland and dense oak forest cover, and soft edges were found between grassland and sparse oak forest cover or sparse and dense oak forest cover (see Table 1 for land-cover class descriptions).
Continuum model (GC) variables were extracted using the tree canopy gradient raster map as a surrogate for tree density (Westfall and Morin 2012; Godinho et al. 2014 ). We defined composition as the percentage of canopy cover. The gradient was obtained by a 'moving window' procedure at different spatial extents (see below). To account for configuration, we followed the same procedure to compute measures of subdivision (the number of clusters of adjacent raster cells classified as canopy cover) and aggregation (clumpiness and aggregation index of raster cells classified as canopy cover) using FRAG-STATS (McGarigal et al. 2012) .
Finally, the GM variables described local habitat characteristics from field measurements such as density (cover) and structure (height, variation of height and cover) of vegetation strata (shrubs and trees) as a proxy of habitat quality (sensu Mortelliti et al. 2010a) . Field measurements were conducted in the same period as bird sampling at 20 random points within a 100 m radius from the bird sampling sites. Shrub variables corresponded to total occurrence, and mean and covariance values of height of each sampling point data. In Mediterranean oak woodlands, we counted the number of mature and young trees (\ 2 m), and measured the tree diameter in Atlantic pine plantations at breast height as a proxy for forest plantation age.
Although different data sources were used to derive the habitat metrics for each landscape, we established a baseline of variables across conceptual models using Spearman correlation ranks for comparative purposes (see Supplementary material C). We found evidence for cross-model correlations, indicating that most conceptual models account for similar tendencies for both compositions (e.g., densely forested areas are equally captured as such by different conceptual models) and configuration variables (e.g., heterogeneous areas are equally captured as such by different conceptual models).
Finally, as documented in several studies (e.g., Bennett et al. 2006 ), species perceive landscape at different scales, sometimes due to a differential spatial use (Ingham and Samways 1996) . For landscape-scale models (GC, PH, PC), we considered three different spatial extents to detect scale-dependent responses (Grand and Cushman 2003) at site (100 m and 200 m), meso-(500 m) and macro-(1000 m) scales (see Warren et al. 2005) .
Bird surveys
Bird species data were obtained by means of 10 min point counts (Bibby et al. 2000 ) with a distance limit of 100 m. A total of 210 sampling sites, 105 per study area, were surveyed once during the breeding season (between April and May), when both resident and migratory species are more conspicuous. Surveys were made during the period of highest detectability (6:00-11:00 a.m., Palmeirim and Rabaça 1994) and in favorable weather conditions (Bibby et al. 2000) . In order to enhance the statistical power and representativeness of the study area, we chose to sample a higher number of sites at the expense of a higher survey effort per site (Loos et al. 2015) . Atlantic pine plantations were sampled in 2011 and Mediterranean oak woodlands in 2013. All bird species that were seen or heard were recorded, but fly-over individuals, aerial-feeders or species with large home ranges were not included in the analysis. Species of the genus Galerida (G. cristata and G. theklae) were pooled and analyzed together (hereafter Galerida spp.) due to the difficulty in accurately distinguishing these species (e.g. Delgado and Moreira 2000). We calculated the Species Specialization Index (SSI) to evaluate habitat specialization for each species in each landscape separately (Julliard et al. 2006) . To avoid bias from original discrete classifications, we used the CLARA method (Maechler et al. 2016 ) that defines the number of habitat classes in each landscape by computing a set of variables that cluster sampling sites sharing similar characteristics (Supplementary Material B Table B1 and B2). The number of habitats was validated by analyzing the silhouette coefficient to find the optimal number of clusters by considering the tightness within and separation between clusters (Rousseeuw 1987) . For each species, SSI was defined as the coefficient of variation of the averaged densities in each habitat class (Julliard et al. 2006) . Species were ranked accordingly (Supplementary Material B Table B3 and B4). The SSI regards specialists as species that are more restricted to a single habitat class and generalists as species that use multiple habitats. Data analysis
Our hypotheses take into account the decision-making framework proposed by Brudvig et al. (2017) and the studies of Price et al. (2009) and Bruton et al. (2015) . We took into account the attributes of the landscapes (context dependency) and species habitat specialization (trait dependency) ( Table 2) . We built an analytical procedure (see Fig. 2 ) based on two attributes: (1) 'coherence' in species responses and (2) the 'performance' of conceptual models. 'Coherence' regards which conceptual model consistently provide a good fit across the highest number of species in each landscape. A similar approach has been used in other studies (Price et al. 2009; Bruton et al. 2015) , but this approach does not evaluate the suitability of alternative conceptual models. Therefore, we also evaluated our results by measuring the ability of an alternative conceptual model to also provide an acceptable fit, i.e., the 'performance'. The modeling procedure for each species followed the theoretical information approach of Burnham and Anderson (2002) using generalized linear models (GLM). Model selection was based on Akaike information criterion corrected for small sample sizes (AICc) and Akaike weights (x i ). For each study area, we modeled count data of eleven species with a Poisson error distribution (log link function), which complied with statistical (species was present at least in 20% of the points, showing no significant spatial autocorrelation) and ecological criteria (acknowledged to have different requirements concerning habitat characteristics).
We started the procedure by screening explanatory variables for outlier presence, normality and collinearity (Spearman correlation ranks [ 0.7, Tabachnick and Fidell 1996) . Whenever needed, variables were transformed (square root or logarithmic for continuous variables and arcsine of the square root for proportions, Zar 1996), categorized to overcome the lack of normality or discarded to avoid model over-parameterization. We also tested for the quadratic terms of variables in order to detect non-linear relations, although further consideration was only given when the quadratic term overcame the linear term in at least four AICc units (Burnham et al. 2011) . For each variable, we selected the best response scale (100, 200, 500 and 1000 m) by extracting the one with the lowest AICc from univariate GLM. We determined the four best explanatory variables of each conceptual model by calculating their relative importance (RVI-the sum of Akaike weights in statistical models where the variable was present) after running the function 'dredge' upon all variables (library 'MuMIn', Bartón 2012). All possible statistical models (n = 16) were computed separately for each of the four conceptual models. All resulting statistical models were grouped together (n = 64), and DAICc and correspondent Akaike weights were calculated and ranked. The final DAICc dataset was obtained by setting a cut-off point at the 95% confidence interval on the cumulative sum of Akaike weights, below which models were discarded.
To check for the 'coherence' of each conceptual model, we summed the selection probability of the respective statistical models (conditional sum of Akaike weights). We tested whether a conceptual model was more important than expected by chance for each species by computing a multinomial randomization test comparing the observed probability of selection of each conceptual model (sum of Akaike weights) with the multinomial distribution generated by 10,000 iterations constrained by expected values of probability. We assumed equal probabilities of selection for each conceptual model (four classes, 25% probability each). Observed selection values were considered significant whenever below or above 95% of the distribution of randomly generated expected values of probability. Selected conceptual models c Fig. 2 Scheme of the analytical approach employed. In the Preparatory Stage, after variable screening, we selected the best four variables of each conceptual model (PH-human-derived patch model, PC-contour-based patch model, GC-continuum model, GM-gradient microhabitat model) to explain each species abundance. At the modelling stage partial GLMs for each conceptual model were computed through a 'dredge' procedure. Full models aggregate all GLMs from each conceptual model within the 95% confidence interval (95% CI) of the cumulative sum of Akaike weights ( P x i ). For the final dataset we joined the Species Specialization Index (SSI), i.e., the coefficient of variation of each species abundance in a number the habitats defined through a CLARA ordination procedure (Supplementary Material B Table B1 -2). In analyses stage we checked 'coherence' performing a multinomial randomization test (MnRt) on the sum of Akaike weights ( P x i ). For 'performance' of conceptual models a mixed model procedure was applied on DAICc to test the first hypothesis (H1) and considering specialization index to test the second hypothesis (H2) were compared with the expected results from both hypotheses, checking the number of cases (species) that were in agreement.
To evaluate the 'performance' of landscape conceptual models, we examined AICc changes (DAICc) of all species combined. We used a mixed model approach (Zuur et al. 2009; Pinheiro et al. 2014) , where DAICc was treated as the response variable, the conceptual model (four levels) as the categorical fixed effect and the species as a random factor. We assumed that conceptual models with significantly lower DAICc had better performance. These two analyses enabled us to assess how each conceptual model performed in each landscape type separately. Following our second hypothesis, we also looked for the effect of species habitat specialization on the 'performance' of conceptual models. Another mixed model (Zuur et al. 2009; Pinheiro et al. 2014 ) was developed to account for random variation in species. DAICc was treated as the response variable and the interaction between species specialization (continuous variable) and conceptual model (four levels) as a categorical fixed effect.
The effects of minimum patch size and raster resolution on conceptual model selection were tested by means of a sensitivity analysis, considering different patch sizes in patch-based approaches (100, 1000 and 10,000 m 2 ) and resolutions (1 9 1 m, 5 9 5 m and 10 9 10 m) in the continuum model. Our analysis supported the use of both lower patch size and higher raster resolution because no differences were found between the different categories, except for PC landuse data, where 100 m 2 was determined to be the best option (see Supplementary material D).
All statistical analyses were performed in R environment, version 3.0.2 (R Development Core Team 2013). During the GLM modeling procedure, we checked for possible over-dispersion of our response data (Anderson 2008 ) using the package 'AER' (Kleiber and Zeileis 2008) . Additionally, we calculated the variance inflation factors (VIF) using package 'car' (Fox and Weisberg 2011) . As a 'rule of thumb' we discarded variables with VIF scores [ 4 (Netter et al. 1996) . We plotted both model residuals and partial residuals to check for model fitting. Sampling sites that revealed a significant influence on model parameters were discarded (Cook's distance threshold = 4/n, where n is sample size). Residuals were tested for spatial autocorrelation using spline cross-correlograms (package 'ncf', Bjornstad 2013).
All of the analyzed species showed spatial independence. A model was considered well fitted whenever residuals showed random dispersion and approximated a straight line close to zero, and all of the aforementioned assumptions were met.
Results
Context-dependency in landscape conceptualization
In terms of the 'coherence' attribute, there were no consistent patterns of cross-species selection of a conceptual model in Mediterranean oak woodlands. Thus, there was no support for our first hypothesis, as only four species agreed with predictions from H1 (Table 3) . Nevertheless, the patch-based models (PH and PC together) provided greater coherence (higher number of species with higher probability of selection of these models; n = 7), while gradient-based models (GC and GM) were best suited to four species (Table 3) . Against our expectations, the continuum model (GC) fitted fewer species (n = 2). Our 'performance' results were in line with 'coherence' results, because we did not find any significant differences in DAICc values between conceptual models (Table 4 , Fig. 3) . However, as a general tendency, the GC model (DAICc = 7.38 ± 4.06) was outperformed (higher DAICc) by all other conceptual models (mean DAICc: PH = 6.28 ± 4.96; PC = 6.34 ± 5.23; GM = 6.16 ± 2.54).
In Atlantic pine plantations, 'coherence' results were also inconclusive because no conceptual model was consistently selected and only five species responded as expected by the first hypothesis (Table 3) . Patch-based models fitted a higher number of species (n = 5), but did not differ greatly from gradient conceptualizations (n = 4). However, regarding model 'performance' (Table 4, Fig. 3 ), the PH presented better fitted statistical models (mean DAICc = 5.64 ± 4.72, coefficient estimate = -0.930, P \ 0.01) than GC, while the GM showed significantly lower fitted models (mean DAICc = 7.28 ± 4.37, coefficient estimate = 1.177, P \ 0.01). No differences were detected between PC and GC. 'Performance' results support the second part of the first hypothesis, i.e., patch-based models provide better outcomes in classic mosaic landscapes.
Species traits dependency in landscape conceptualization
We were able to quantify all species along a gradient of habitat specialization. In Mediterranean oak woodlands, Sitta europaea and the Galerida complex were the most habitat specialized species. Conversely, Cyanistes caeruleus was the most generalist species. In Atlantic pine plantations, both Parus major and Serinus serinus were the most generalist species, while Periparus ater and Dendrocopos major showed higher habitat specialization. All habitat and species classifications are shown in detail in Supplementary Material B Tables B1-4. There was no clear support for our second hypothesis, regarding 'coherence' results in Mediterranean oak woodlands, as only three species supported it. Thus, Sylvia melanocephala distribution (generalist) was better explained by GM models while the PH approach provided better models for Luscinia megarhyncos and Parus major (specialist). However, contrary to what was expected, both species exhibiting the highest habitat specialization showed higher agreement with gradient models, while more generalist species showed a greater preference for patchbased models. Contrary to our second hypothesis, the 'performance' results followed a similar tendency (Table 5 , Fig. 4) ; we found that the GC and GM Dendrocopos major (Great spotted woodpecker) 7.86 *** 0.00*** 0.00*** 87.38*** GM Significant P values (ns: [ 0.05; * \ 0.05; ** \ 0.01; ***: \ 0.001) are derived from the multinomial randomization procedure that identifies conceptual models with Akaike weight sums above the expectation. Species are sorted from most generalist to most specialist Landscape Ecol (2018) 33:353-370 363 statistical models provided similar outcomes (coefficient estimate = 1.383, P = ns), showing higher 'performance' for specialist species in Mediterranean oak woodlands (GC slope = -8.03 P \ 0.01; GM slope = -5.81 P \ 0.01). On the other hand, PH and PC statistical models differ significantly from this relation (PH coefficient estimate = 13.406, P \ 0.001; PC coefficient estimate = 22.152, P \ 0.001), showing a higher performance towards generalist species (PH slope = 3.89 P = ns; PC slope = 13.08 P \ 0.001).
In Atlantic pine plantations, only four species responded as expected by the second hypothesis. Gradient-based models only fitted two generalist species better (Serinus serinus and Lophophanes cristatus), while patch-based models only fitted two specialist species better (Lullula arborea and Periparus ater). 'Performance' results detected significant differences between the PC and GC in interactions with habitat specialization (coefficient estimate = 2.91, P \ 0.05; Table 5 ), meaning that PC tends to provide slightly better models towards generalist species (slope = 7.52 P \ 0.001) (Fig. 4) . All other models discriminated equally between the degree of habitat specialization (PH: slope = 3.52 P \ 0.05; GC: slope = 3.53 P \ 0.01; GM: slope = 1.44 P = ns).
Discussion
Context-dependency in landscape conceptualization
In variegated landscapes, our results did not meet our expectations, as continuum models did not show coherent cross-species results, nor did they perform significantly better than concurrent conceptual The conceptual model has four levels: GC-continuum model (reference level), PH-human-derived patch model, PCcontour-based patch model, GM-gradient microhabitat model
Significant P values (ns: P [ 0.05; *: P \ 0.05; ***: P \ 0.001) Fig. 3 Boxplots showing the deviation and range of variation of each conceptual model (PH-human-derived patch model, PC-contour-based patch model, GC-continuum model, GM-gradient microhabitat model) (squares: DAICc values of all concurrent statistical models from species generalised linear models; dotted line: the four DAICc threshold). Models with low DAICc values have higher performance (higher fit to data) than models with high DAICc values. Conceptual models sharing a letter ('a' or 'b') are not significantly different at P = 0.05 models. This is in disagreement with other authors who championed this hypothesis (McIntyre and Barrett 1992; Price et al. 2010; Bruton et al. 2015) . In fact, we found that patch-based models can be as good as gradient-based alternatives, emphasizing the individualistic response of the species (Price et al. 2009 ). For instance, Cyanistes caeruleus distribution models showed higher fit to a human-derived patch conceptualization. For this species, the percentage of grassland cover was reported as the most important variable showing a negative effect on species occurrence (Supplementary Material E Table E1 ), meaning that a simple binary classification in grassland vs. forest habitats, typical of patch-based models, would be sufficient. Conversely, the tree canopy gradient present in the continuum model (Supplementary Material E Table E1 ) provided better models for Galerida spp. Although these species mainly occur in grassland areas, there was some tolerance to increasing canopy cover, showing a gradual declining transition along the landscape gradient rather than a sharp change. On the other hand, the Sylvia melanocephala distribution model was highly determined by variables found only in the gradient-based microhabitat conceptualization (Supplementary Material E Table E1 ), because it was able to capture highly detailed and ecologically meaningful data for this species (e.g., species depends on shrub density for nesting purposes; Godinho et al. 2010) . Regarding Atlantic pine plantations, our results suggest that human-derived patch models provided an adequate description of the landscape structure. Although PH may not reflect the response of many species (lacks coherence), the results show that it performed better than concurrent conceptualizations (higher performance). Human-derived patch conceptualizations more accurately capture the structure of mosaic landscapes because there is a strong contrast between patches, and patches themselves are internally homogeneous (Bennett et al. 2006) . Species also perceive spatial heterogeneity similarly as they are bound by this same structure of habitats (Didham et al. 2012) . Therefore, although reflecting a human perspective of the landscape, this conceptualization appears to be ecologically meaningful. The GM conceptualization showed an overall lower fit, as its performance was significantly lower than other approaches. However, for some forest-dependent species (e.g., Certhia brachydactyla and Dendrocopos major), the GM performed better, with patch stand characteristics (e.g. diameter at breast height, Supplementary Material E Table E2 ) being particularly relevant. However, this means that patch-based models may occasionally fail to capture some important resources in mosaic landscapes, and may not be sufficient to fully describe the ecological requirements of a species.
Species traits dependency in landscape conceptualization
In contrast to what was expected, patch-based models (PH and PC) showed higher performance for generalist species in Mediterranean oak woodlands, while gradient-based models (GM and GC) are better suited to specialist species. In their framework, Brudvig et al. (2017) argued that gradient-based models are more suitable for generalist species because their plasticity to several habitats would not be properly described by a patch-based conceptualization. However, our results show the opposite. Patch-based models seem to be good proxies of landscape complexity in variegated landscapes (e.g., Herrera et al. 2016) , especially for generalist species, because they offer a simplified representation of the landscape Lindenmayer 2006, 2007) . Patch-based models are more prone to discriminating between habitat and matrix, while gradual changes in species occurrence probabilities are expected in gradient-based models. For instance, Cyanistes caeruleus occurs in forested areas independent of tree density (habitat) but not in grasslands (matrix). Thus, its probability of occurrence is mainly dependent on the presence of tree cover (Supplementary Material E Table E2 ). Therefore, it is possible that gradient-based models capture too much detail of the spatial heterogeneity, hampering the discovery of clear species-gradient relationships.
Following Brudvig et al. (2017) , it was also expected that patch-based models would provide better results for species exhibiting specific requirements, since suitable patches are more easily mapped apart from the inhospitable matrix. However, this hypothesis assumes that patches must be defined by considering species-specific habitat requirements, and human-derived land-use classifications may not provide the most suitable approaches if they are not species-oriented. We found that gradient-based models provided better outcomes for increasing habitat specialization, probably because they were able to capture higher landscape detail (including withinpatch heterogeneity) compared to homogeneous patches. Thus, the way in which resources are distributed within the patch are also of concern and gradient-based models can characterize heterogeneity (e.g., vertical complexity of vegetation, tree density) in a way that is not achievable by other conceptual models. Conversely, in Atlantic pine plantations, both gradient and patch based models behaved similarly while considering species habitat specialization, probably because patches in mosaic landscapes were highly homogeneous, likely due to the more uniform management practices (Bennett et al. 2006) . As a consequence, resources were more homogeneously distributed within a patch and different conceptual models captured analogous attributes.
Conceptual model selection, caveats and future directions
Our results highlight the existence of a strong bias while using inappropriate conceptual models to describe species distributions, with observed deviations between best and alternative statistical models reaching DAICc values of 20. Therefore, the selection of a landscape conceptual model should be carefully considered. Our results provide two major conclusions regarding conceptual model selection: (1) the way in which landscapes are characterized by each conceptualization has strong implications for its suitability to model species distribution, often resulting in highly individualistic responses by species, and (2) intrinsic heterogeneity is a key attribute of the landscapes to account for when selecting the best conceptual model. Some studies have also concluded that species responses are highly individualistic because conceptual models may lack consistency, depending on landscape context (Price et al. 2009 ). However, checking for consistency in species response (as in other studies; e.g., Price et al. 2009; Bruton et al. 2015) depends more on the circumstances of a conceptual model to match a species perception, rather than truly providing clear cross-species validation on the characterization of landscape structure. A species will be better represented by a conceptual model that approximates its own perception of the landscape, and the model that better discriminates species-specific resources will be ecologically more meaningful and better fitted. For instance, while using patch-based approaches (e.g., human-derived), species are constrained to respond to land-use classes that may not reflect species habitats (Fischer and Lindenmayer 2006; 2009) . Unless land-use classifications are species-oriented, they will probably fail.
Our findings based on 'performance' show that the suitability of conceptual models in explaining species distributions depends on the interaction between landscape context and species habitat specialization. As our results build on deviations from the best statistical model, we were able to depict the relative suitability of alternative conceptual models. Overall, patch-based models provide useful conceptualizations in both mosaic (e.g. Atlantic pine plantations) and variegated landscapes (e.g. Mediterranean oak woodlands), but mostly for generalist species. Whenever patches were difficult to define, gradient-based approaches improved specialist species distribution models, likely due to their increased ability to capture spatial heterogeneity. Some authors (Price et al. 2009; Stoddard 2010 ) have suggested the importance of spatial heterogeneity in their studies, but we highlight this feature as a key attribute to account for in conceptual model selection, especially by considering how each conceptual model deals with spatial heterogeneity. Spatial heterogeneity reflects the spatial distribution of resources (e.g., food, nest, shelter), which are by definition species-specific. Patch-based models offer a simplification of spatial heterogeneity into more general attributes (e.g., non-forest versus forest cover) by classifying internally heterogeneous patches into a unique land-use, which improves their performance for generalist species that are not tied to a specific habitat. Gradient-based models more accurately depict spatial heterogeneity; by avoiding landscape compartmentalization, they provide a better description of specific resources as environmental gradients. For instance, most conceptual models failed to capture some complexity of vegetation strata, and models including the description of microhabitat proved to be useful in both landscapes. The importance of habitat quality at the site-scale has been largely demonstrated (Bergman et al. 2008; Price et al. 2010; Bruton et al. 2016) , although the adequate specification of a conceptual model that addresses this scale efficiently is still lacking (Bennett et al. 2006; Mortelliti et al. 2010b ). Site-scale habitat quality data are rarely used because of (1) the amount of information required to thoroughly describe the structural complexity and resource allocation at the landscape scale (Bruton et al. 2015) , (2) the limitations of the conceptual models (e.g., difficulty incorporating patch heterogeneity in patch-based models; Price et al. 2010) or (3) limited availability of remote sensing technology to capture highly detailed habitat structures (Bruton et al. 2015) , although recent developments in LiDAR and SAR technology show promising results (Nagendra et al. 2013) .
To prevent misleading predictions due to statistical artefacts, several authors Price et al. 2009; Bruton et al. 2015) proposed the adoption of pluralistic approaches to complement weaknesses of different conceptual models. Nevertheless, pluralistic approaches need to comply with a set of pre-defined assumptions that ease the process of conceptual model selection while guiding speciesspecific landscape characterization. Brudvig's et al. (2017) framework attempted to provide such guidance. We took two real-world contrasting landscapes as examples to validate the framework regarding landscape context and species habitat specialization. However, we found inconsistencies concerning conceptual model selection, as species showed contrasting responses according to their habitat specialization. Most studies are still based in experimental landscapes designed to test patch-matrix models (see Brudvig et al. 2017) . These approaches may overlook the importance of gradient-based approaches, degrading their applicability to real-world landscapes. Our study overcame such limitations by focusing on two realworld landscapes representing systems with distinct structures: the variegated (savanna-like) and the mosaic. Our results suggest that the framework assumptions outlined by Brudvig et al. (2017) still lack empirical validation. It is important to conduct further studies, especially concerning other species traits (e.g., vagility, home range size) on real-world landscapes, as species responses appear to be highly individualistic.
